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Abstract: Addressing challenges such as severe noise, color deviation, and artifacts in low-light imaging,
a novel three-stage low-light image enhancement algorithm based on illumination guidance (IG-TSNet) is
proposed. This algorithm synergistically integrates the Fourier domain's capability to capture global image
information with the Transformer's strength in modeling long-range dependencies within the spatial do-
main, utilizing illumination guidance to ensure coherent enhancement. IG-TSNet comprises three sequen-
tial stages. In the pixel-wise enhancement stage, an adaptive parameter adjustment mechanism is intro-
duced to improve the global representation of the image. During the Fourier reconstruction stage, illumina-

tion priors are employed to optimize both amplitude and phase spectra across two channels following Fouri-
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er transformation, enabling comprehensive global image reconstruction. In the cross-attention fusion
stage, a lightweight dual-path U-shaped network, incorporating a cross-attention fusion module, is de-
signed to dynamically align Fourier-reconstructed features with illumination-guidance maps. The proposed
1G-TSNet was rigorously evaluated on six benchmark datasets for low-light image enhancement, demon-
strating superior performance. Qualitative results confirm that the method effectively enhances underex-
posed regions, suppresses noise without introducing artifacts or patchiness, and preserves color fidelity ro-
bustly. Quantitative assessments reveal that [G-TSNet achieves state-of-the-art results across nine evalua-
tion metrics. On three paired datasets, PSNR values of 26. 968 dB, 27.880 dB, and 28. 939 dB; SSIM
values of 0.867, 0.882, and 0.947; and LPIPS values of 0.099, 0.141, and 0. 047 were attained, re-
spectively. On three unpaired datasets, BRISQUE scores of 25. 67, 20.51, and 18. 80 and NIQE values
of 3.79, 4.09, and 4. 02 were achieved, respectively. This study offers a viable frequency-spatial joint en-
hancement framework, advancing the field of low-light image enhancement.
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Fig.4 Comparison of image enhancement results in outdoor low-light environments
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Fig. 5 Comparison of image enhancement results in indoor low-light environments

K6 R T 11 A A fE LOLv] 86 45 11
XF L 25 S CF 6 0L I fL - B ) o RetinexNet 9
B9 25 BN A R R MRS T, 8 ™ Y
% %k £ ; KinD, RUAS #1 ZeroDCE 75 | F
T 1 00 3 ] % v 5 2 B B 8 1% € i ) A8 45 51
JETE T B A A T AR B B T R X, 21 A%
PR AE A T 1) Ry 38 5 R X3 LT T8 B N 2 A
%7 ; EnlightenGAN 9~ &1 3 1 90 W] W €64 , JF HL
23 HE b 7 DX 3k 35k 1T ] 48 R 4K 8™ B 5 MIRNet,,

Restormer, SNR-Aware 7£ ¥ [&] £ HE 5 7 v & 5%
RGO Z R T HANBE AN, SRAE AR T 07 B 555 i 4]
LK™ ; LLFormer #1 Retinexformer |- [&]
ZTAE TR DX 0 T 3 3 0 3 U PR i, R BT 4T
HEAL B AR GETH W . ML Z T AR SCR .
7 795 1 VA5 118 0 o R 4815 0 B8 O T 34 g, L
1k 2 B A6 A T 3 3 S0 BB O g R 0 HE R

[ EE ST/

B 7 J&R T 8 Fh Bk 7E LOLv2-Real #1442

H_E‘ Lﬂ Lﬁ‘

S '." - 3

ZeroDCE MIRNet RUAS LLFlow

R
= o

—— _

EnlightenGAN

Restormer SNR-Aware

LLFormer

IG-TSNet

Retinexformer GroundTruth

Bl 6 LOLvI s 4 AS [R5k 10 38 o 25 5L 4015 X L

Fig. 6 Detail comparison of enhancement results by various algorithms on LOLv1 dataset
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Fig.7 Detail comparison of enhancement results by various algorithms on LOLv2-Real dataset
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Fig. 8 Detail comparison of enhancement results by various algorithms on LOLv2-Syn dataset
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Fig. 9 Comparison of enhancement results on three unpaired datasets
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£1 TEHERELOLKEE (v v2) £ PSNR/SSIM % bt L3645 R
Tab.1 Comparative experimental results of PSNR/SSIM for different algorithms on LOL datasets (v1 and v2)
LOLv1 LOLv2-Real LOLv2-Syn
Complexity
Method Normal GT Mean Normal GT Mean Normal GT Mean
Params/M FLOPs/G PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
RetinexNet""’ 0.84 584.47 16.774 0.419 18.915 0.427 16.097 0.401 18.323 0.447 17.137 0.762 19.099 0.774
KinD"'"! 8.02 34.99  17.650 0.775 20.860 0.802 14.740 0.641 17.544 0.669 13.290 0.578 16.259 0.591
ZeroDCE 0.075 4.83 14.861 0.559 21.880 0.640 16.059 0.580 19.771 0.671 17.712 0.815 21.463 0.848
3DLUTH! 0.59 7.67 14.350 0.445 21.350 0.585 17.590 0.721 20.190 0.745 18.040 0.800 22.173 0.854
DRBN!*! 5.47 48.61  16.290 0.617 19.550 0.746 20.290 0.831  — — 23.220 0.927 — —
MIRNet * 31.76 785.10  24.100 0.845 26.519 0.856 20.020 0.820 27.173 0.865 21.940 0.876 25.955 0.898
RUAS" 0.003 0.83 16.405 0.500 18.654 0.518 15.326 0.488 19.061 0.510 13.765 0.638 16.584 0.719
LLFlow" 17.42 358.40  21.149 0.854 24.998 0.871 17.433 0.831 25.421 0.877 24.807 0.919 27.961 0.930
EnlightenGANm: 114. 35 61.01 17.480 0.651 20.003 0.691 18.230 0.617 — — 16.570 0.734 — —
Restormer " 26.13 144.25 22.365 0.816 26.682 0.853 18.693 0.834 26.116 0.853 21.413 0.830 25.428 0.859
LEDNet *! 7.07 35.92  20.627 0.823 25.470 0.846 19.938 0.827 27.814 0.870 23.709 0.914 27.367 0.928
SNR-Aware ! 4.01 26.35 24.610 0.842 26.716 0.851 21.480 0.849 27.209 0.871 24.140 0.927 27.787 0.941
PairLLIE'®! 0.33 20.81  19.510 0.736 23.526 0.755 19.885 0.778 24.025 0.803 21.351 0.857 25.326 0.873
LLFormer* 24.55 22.52  23.649 0.816 25.758 0.823 20.056 0.792 26.197 0.819 24.038 0.909 28.006 0.927
Retinexformer'* 1.53 15.85  25.153 0.845 27.140 0.850 22.794 0.840 27.694 0.856 25.670 0.930 28.992 0.939
FourLLLIE"" 0.12 2.57 22.526 0.831 26.037 0.849 22.127 0.843 27.591 0.871 24.763 0.924 28.121 0.926
PRNet' 1.93 8.08 23.452 0.837 26.860 0.856 21.314 0.848 27.661 0.883 25.274 0.931 28.657 0.943
Ours 1.81 14.49  23.202 0.849 26.968 0.867 22.260 0.856 27.880 0.882 25.225 0.936 28.939 0.947
F2 AEEEELOLHIEE (v v2) L LPIPS X LE R R
Tab.2 Comparative experimental results of LPIPS for different algorithms on LLOL datasets (v1 and v2)
LOLv1 LOLv2-Real LOLv2-Syn Complexity
Method -
Normal GT Mean Normal GT Mean Normal GT Mean FLOPs/G
RetinexNet 0.474 0.470 0.543 0.519 0.255 0.247 587.47
KinD 0.207 0.201 0.375 0.368 0.460 0.435 34.99
MIRNet 0.131 0.128 0.144 0.142 0.058 0.057 758.10
RUAS 0.270 0.257 0. 309 0.296 0. 364 0. 341 0.83
LLFlow 0.119 0.117 0.176 0.158 0.067 0.063 358. 40
EnlightenGAN 0.322 0.317 0. 309 0. 301 0.220 0.213 61.01
Restormer 0.141 0.138 0.231 0.214 0. 144 0.139 144.25
SNR-Aware 0.151 0.150 0.156 0.150 0.057 0.056 26.35
LLFormer 0.175 0.167 0.211 0.209 0. 066 0.061 22.52
LEDNet 0.118 0.113 0.120 0.114 0.061 0.056 35.92
Retinexformer 0.131 0.129 0.171 0.166 0.059 0. 056 15.85
Ours 0.105 0.099 0.154 0.141 0.051 0.047 14.49

Normal # % T PSNR {H 43 5 #£ 71 0. 676, 0. 133,
0.462 dB, SSIM fH 4+ 4 #& F 0.018, 0.013,
0.012; GT Mean 1 # & PSNR {& 4 7 #& 7+
0.931, 0.289, 0.818 dB, SSIM {4 43 %l #& 7+

0.024,0.011,0. 021, 5 [EHERHJCH G506
Y 34 ¥ Retinexformer A b , AN SCH8 ¥ 7 FLOPs
FEAR T 9% Ml oL~ L 76 34 ¥ 4 b SSIM
LPIPS $8 b ¥4 $#£ 7+, Normal 1 % N SSIM {H 43
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IR TE0.004,0.013,0.006, LPIPS {4 43 5 #2 &
20%,9%,13%; GT Mean 1§ % F SSIM {# 43 %]
$ 7+ 0.017, 0.026, 0.008, LPIPS 18 4 %I #2 &
23%,15% ,16% . 5 R FEME A Transformer 5 &
M) 77 ¥ Restormer, SNR-Aware, LLFormer #l
Retinexformer A Fb , A% SC 3 9145 f0 R AR AU 155
i, AE 3 B 4 L i SSIM AT LPIPS 45
PRHEZ S — o DL R R TR A GO
SEA A5 B R RO AT R R ) B4 BE B
PR . ZRG EWITH 45 S AR SO Y 1 SR A
ST INARE X AN 7] 37 5% (4 2 1 P B

Ny ik — 2 B VAl AR SCBRE X R I 2R B s
£ 1z L e 1 K 7E LOLv2-Real %04 4 I I 2
() A5 Y B 42 1 T DICM, MEF, NPE 34~ 4R i
XF ¥4 4, JF 2% B KinD, ZeroDCE, MIRNet,
RUAS, LLFlow, SNR-Aware, PairLIE, Retinex-
former 8 f 44 ¥5 ¥t 47 BRISQUE #1 NIQE #8 5 1Y
XF LS8 . R A A BRISQUE f % B & 1%
MR Dh R AE R LN PR R B AT, AR Y NIQE
(EE SR SO AL - R i S i IS /S
PE o X 2 SR a2 3 T, A UL E DICM Al
NPE %4 4 b W9 3048 bR ¥ 00 F AR 7 &, 7
MEF %045 4 b (9 48 br K A% (B 256 32 W3 fi A
S0 KR T B A A T R M /PR R DR R A
SRALBEBOR T B A T Ay R

*3 A EZE %7 DICM/MEF/NPE IEf Xt ##5& E &Y
BRISQUE/NIQE 3t Lk SR 3 45

Tab.3 Comparative experimental results of BRISQUE/

NIQE for different algorithms on unpaired datas-

ets (DICM/MEF/NPE)

DICM MEF NPE
BRIS NIQE BRIS NIQE BRIS NIQE

Method

KinD 48.72 5.15 49.94 5.47 36.85 4.98

ZeroDCE  27.56 4.58 17.32 4.93 20.72 4.53
MIRNet  28.86 3.98 28.63 3.98 25.56 4.33
RUAS 38.75 5.21 23.68 3.83 47.85 5.53
LLFlow  26.36 4.06 30.27 4.70 28.86 4.67
SNR-Aware 37.35 4.71 31.28 4.18 26.65 4.32
PairLIE 33.31 4.03 27.53 4.06 28.27 4.18
Retinexformer 14.10 3.83 11.78 3.67 18.18 3.94
Ours 25.67 3.79 20.51 4.09 18.80 4.02

3.5 HELEIG

Shy I8 IR A ST AR = B I 4% ) B — B Bt
X LLIE AT 55 (9 A &0, A< SCHE 34 %ol 4 bk
5T T Tl S 50 6F B e 2 i S 56 A A 7] 52 56 2R
B N HEAT, SR A R AR 4 Fron o BRSO
R B = A Bt T AR (DA —
B Bt 3G N AR R 5 5 (2) Al AR RIS G
o L 5 (3) [ 3 AR 3R SR A S 2
I B REG s (O E M E RSS2 XFEE
J1 15 B Rl A B B (5) = B Bt B/ 5] S 4 o
I 2%

F4 HBMIWEENNER
Tab.4 Quantitative analysis result of ablation experiments
) Model LOL-v1 LOL-v2-Real LOL-v2-Syn
Group —BrB BBt =FrBt PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
1 N, 18.105 0.736  0.267 18.389 0.772 0.249 19.852 0.873 0.129
2 N N 18.656 0.774 0.252 21.895 0.837 0.183 21.486 0.894 0.164
3 N NG 22.370 0.826 0.145 21.430 0.840 0.180 23.710 0.917 0.107
4 N/ NG 22.269 0.824 0.140 21.330 0.842 0.146 23.249 0.915 0.090
5 N NG N 23.202 0.849 0.105 22.260 0.856 0.154 25.225 0.936 0.051

A A A% 2 1 3 By Be i, 7E 3N BE 4
B PSNREH¥ AR 18dB A L, HE & 14
B 43 7 i s % EL AR O T A S 08, FE MG NS R
5 B S, 3 A BUIE AR L 3 AR AR A I 4R
L PSNRAER T 258 1 dB, &% B Be e 1B &

Wik b RARE . XA — (=S, MR R
9 45 A A LT E o, 3 s 4 By 344
bR S — A S A LA 4R X s = Tl
SE AR K SR B BLAS B AL U R A B B
T A AR L B Bead e, 3 Ko A Ry 3
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